Abstract. Liver fibrosis is the liver's response to injury. Long-term liver fibrosis can develop into cirrhosis so early classification and grading of liver fibrosis are important. In this paper, we present a non-invasive machine learning based classification and grading of liver fibrosis using the acoustic nonlinearity parameter B/A, which is a physical parameter that varies between different materials and types of tissues. Instead of using conventional ultrasound B-mode images, which can vary with the different imaging instruments and parameters, we propose four new image functions derived from fundamental and the second harmonic signals of two input power levels, and use machine learning methods to estimate the entire functional dependence from the four sets of signals to fibrosis levels with the intermediate nonlinearity being implicitly learned. We test the method on three grades of rabbit fibrotic liver data using different classifiers: convolutional neural network (CNN), and the combination of CNN and multi-class support vector machine (MSVM) with two different kernel functions. Experimental results of 10-fold cross-validation show that the proposed method reaches a highest classification accuracy of 95.45% and an average overall classification accuracy of 85.19% for grading the stages of liver fibrosis by using the combination of CNN and MSVM with linear kernel function and without averaging features. Accordingly, high classification accuracy and easy implementation makes the prospect of using the proposed method for in-vivo tissue characterization of liver fibrosis possible.
Introduction
Liver fibrosis is a worldwide disease that seriously endangers human health. It is a pathophysiological process, caused by the chronic inflammation, which can lead to the gradual overgrowth or thickening of the liver conjunctival tissue. Liver fibrosis can occur in any liver injury during the repairing and healing process. If the injury factors cannot be promptly removed, then liver fibrosis will develop into cirrhosis [1] . Thus, early clinical intervention of liver fibrosis can slow down the development of cirrhosis and reduce the risk of liver cancer. Liver biopsy is considered as the gold standard for the diagnosis of liver fibrosis and cirrhosis [2, 3] , but its invasive characteristic limits the application of reverse monitoring for liver fibrosis [4, 5] . Moreover, its limited numbers and sizes of samples usually result in sub-optimal accuracy [6] . It is particularly necessary to develop a noninvasive and effective diagnosis approach for classifying and grading liver fibrosis.
Noninvasive medical imaging techniques for clinical diagnosis of liver fibrosis, such as ultrasonography (US), computed tomography (CT) and magnetic resonance imaging (MRI), have been widely used and may be good alternatives to needle biopsy. Moreover, some noninvasive ultrasound elastography techniques have been developed to detect liver fibrosis, including strain elastography (SE), transient elastography (TE) and acoustic radiation force impulse imaging (ARFI). SE offers semi-quantitative assessments of strain imaging within the region of interest (ROI) [7] . However, this technique is still too limited to allow recommendation for its clinical use. Both TE and ARFI are based on share wave speed measurement and require specialized hardware for fast real time imaging [8, 9] . The resolution of these techniques is not high enough to observe the microstructural changes of tissues. So recently, methods based on computer-aided image and signal analysis are becoming increasingly popular.
Kayaalt et al. [10] classified liver fibrosis using different texture features extracted from CT liver images. Gobertet al. [11] obtained texture features from MRI images and divided fibrosis into two groups: non-cirrhosis and cirrhosis, and classified the two groups using an ANN classifier. Basset et al. [12] proposed a method classifying fibrosis stages from ultrasound B-mode images texture analysis. However, their methods cannot effectively distinguish the stages of liver fibrosis. More importantly, ultrasound B-mode images are obtained from applying a logarithm to the signal envelope followed by global grayscale remapping and local contrast adjustments from image post-processing. These parameters and other image generation parameters differ among all ultrasound system providers, resulting in unique image styles which can result in very different texture pattern and brightness/contrast even when viewed on the same patient. Therefore, classification done on final images is a very challenging task when different machines are used.
This paper proposes a non-invasive machine-learning method classifying the stages of liver fibrosis based on ultrasound acoustic nonlinearity parameter B/A which is a physical parameter that varies between different levels of liver diseases. The B/A parameter is embedded in ultrasound radio frequency (RF) echo signals and we propose four new image functions derived from combination of fundamental and the second harmonic images of two input power levels to classify and grade liver fibrosis. The proposed method is tested on three grades of in vivo rabbit fibrotic liver data. Experiments on liver fibrosis grading are conducted using different classifiers, CNN and the combination of CNN and MSVM with two kernel functions: Radial Basis Function (RBF) kernel function and linear kernel function. We also compare performance between averaged and non-averaged extracted CNN features. We obtain peak 95.45% classification accuracy and 85.19% average classification accuracy by using the combination of CNN and MSVM with linear kernel function without averaging features. The method is successful for grading the stages of liver fibrosis without requiring specialized premium-configuration hardware and without being affected by image post-processing and remapping. Thus, the proposed method can be widely implemented while preserving some independence from the different imaging parameters found in different ultrasound machines.
This paper is organized as follows. In section 2, a detailed description of the algorithm for acoustic nonlinearity mapping and classification model is given. Section 3 presents the experimental results. Finally, discussion and conclusion are drawn in section 4.
Method Acoustic Nonlinearity Mapping
The acoustic nonlinearity parameter B/A varies between various materials and biological tissue, where A and B are the coefficients of the first and second order term of the Taylor series expansion relating the material's pressure to its density. In the case of liver disease, Varray [13] has found that the B/A value of healthy liver tissue is measured to be 6.8 ± 0.3, but in fibrotic liver, this value is 7.4 ± 0.4. Hence, nonlinearity can be a discriminating piece of information for healthy and fibrotic liver in clinical diagnosis. In this paper, we use nonlinearity to classify and grade liver fibrosis.
According to the nonlinear theory of ultrasound propagation modeled by PDE's, the nonlinearity may be estimated in two ways: by either the log ratio of the second harmonic of the reflected signal to the fundamental frequency of the reflected signal, or by the log ratio of the reflected signals of a low voltage transmit to the reflected signals of a high voltage transmit. In the first case, taking log after dividing Eq. 30 by Eq. 29 of [14] gives
where 1 V and 2 V are low and high excitation voltages,
C is a parameter related to the ultrasonic system.
In the second case, from Eq. 29 of [14] using the log ratios of the fundamental frequency using two different values for 1 V and 2 V for in V gives
Similarly from Eq. 30 of [14] , the log ratios of the second harmonic using two different values of C , which are experimentally obtained using the procedures detailed in [14] . Furthermore, we assume there exists an unknown function g relating the acoustic nonlinearity B/A to the measure of fibrosis levels.
Because the function g has no clear model or analytic expression, we use machine learning to estimate this mapping. Instead of separating the nonlinear parameter estimation step, i.e. finding the inverse function i f and experimentally obtaining the system coefficients 0 C , from the g estimation step, we combine them into one step that maps four input functions to the fibrosis levels, see Fig. 2 . This may be interpreted as simultaneously inverting Eq. 1 through Eq. 4, estimating the system parameters 0 C , and modeling the function g using a single learned function. 
Classification Model
The four imaging functions 1 Q , 2 Q , 3 Q , and 4 Q are combined as four channels resulting in input data of size 961 × 69 × 4. We use machine learning models to derive the nonlinearity information from the four images. The significance of the four channels input is that suitable linear combinations of these related inputs are automatically learned through the convolutional structure. In this work, we use two classification models, CNN and combination of CNN and MSVM. We use convolution neural network to extract features and then feed this intermediate result to either a fully connected network or a MSVM for classification. All data is divided into two parts: a training set and a validation set.
The proposed CNN architecture for grade classification of liver fibrosis is shown in Fig. 3 . The proposed CNN architecture consists of three convolution layers, two max pooling layers and one fully connected layer. All the three convolution layers use batch normalization layer and the rectified linear unit activation function. Softmax function is employed for the final fully connected layer.
To reduce the complexity of computing weight parameters, a convolution filter of 3×3 pixels with a stride of 2 pixels is utilized for all the three convolution layers. Both the two max pooling layers use 2×2 pixels pool with a stride of 1 pixel for the convolution layers of Layer_1 and Layer_2 as shown in Fig. 3 . Feature maps with sizes of 256, 128 and 64 are employed for the three convolution layers respectively. In another classification model shown in Fig. 3 , we extract features from the third rectified linear unit layer of the trained CNN and use those features to train another classifier, a multi-class support vector machine (MSVM) with two different kernel functions, linear kernel function and RBF kernel function. In this paper, this classifier is applied to carry out three-category classifications for differentiating the various stages of liver fibrosis.
Experiments
In order to verify the performance of the proposed method, we use the rabbit fibrotic liver data of fundamental signal and the second harmonic signal in two input power levels, 39 and 64 Volt respectively. The RF signals are taken using the Insight 37C ultrasound machine manufactured by Saset Healthcare Inc. Our database consists of 224 in vivo rabbit samples from Department of Ultrasound, West China Hospital of Sichuan University and the degree of rabbit liver fibrosis is classified as mild, moderate, or severe fibrosis according to the METAVIR scoring system (modified according to the histopathological characters of CC l4-induced liver lesion). The numbers of samples in three fibrosis grades are 43, 103 and 78 from mild to severe, respectively. We can derive four imaging functions, 1 Q , 2 Q , 3 Q , and 4 Q , and size of each image is 961*69 pixels. The four imaging functions are combined as four channels. Moreover, we have conducted experiments on single channel or free combination of four channels, the experimental results show that the input data of four channels has the best performance. So in the follow-up experiments, we use four channels data of size 961 × 69 × 4 as the input of classification model to classify three grades fibrosis.
A 10-fold cross-validation scheme is used to remove bias toward training and testing data [15] . And the learning rate of CNN is 0.00001 and the batch size is set to 8. In the experiment of MSVM classifiers, we extract features from the third rectified linear unit layer of the trained CNN and classify the stages of liver fibrosis by using MSVM with two kernel functions, linear kernel function and RBF kernel function. The third rectified linear unit layer outputs a 120×8×64 feature matrix. We adopt two methods to deal with the features. In the first method, we use all features which have a size of 61440. And in the second method, we average features over the two dimensions of 120×8 to get new features which have a size of 64. Then the features obtained by the two methods are used as inputs of the MSVM classifiers to conduct experiments. Fig. 4 and Fig. 5 show the recalls and precisions of different methods, and it is apparent that the MSVM classifier with linear kernel function and without averaging features has the best performance for liver grading. Its recalls are 70%, 90.27% and 86.96% from mild fibrosis to severe fibrosis respectively. And its precisions are respectively 78.50 %, 89.24 % and 84.21 % from mild fibrosis to severe fibrosis. In the experimental results without averaging features, MSVM classifier with linear kernel function displays better performance as shown in Fig. 4 and Fig. 5 . When not averaging features, it shows that the MSVM classifier with RBF kernel function does not work at all. It fails in predicting mild fibrosis and severe fibrosis. In contrast, the experimental results with averaging features show that MSVM classifier with RBF kernel function performs better. Table 1 shows that the experimental results of classification on different classification methods by 10-fold cross-validation scheme. It shows the best classification accuracy, mean classification accuracy and standard deviation in the overall data of applying the proposed method. The overall classification accuracies on average of ten folds are 77.63%, 85.19%, 46.00%, 71.85% and 76.24% for five methods, respectively. The performance of MSVM classifier with linear kernel function and without averaging features is better than the other four methods, which overall classification accuracy and best classification accuracy are relatively high and standard deviation is relatively low.
Discussion and Conclusion
In this study, instead of classification using features extracted from ultrasound images, we propose a non-invasive machine learning based classification and grading of liver fibrosis by using learnt acoustic nonlinearity mapping. In this method, we present four new image functions derived from fundamental and the second harmonic signal of two input power levels, and use the four channels data as the input of machine learning to extract nonlinearity information for grading liver fibrosis. Classification experiments on three grades of rabbit fibrotic liver data were conducted by using different classifiers.
From the above experimental results, the proposed method proves to be effective in classifying the stages of liver fibrosis with high accuracy. Obviously, in the contrast experimental results, the combination of CNN and MSVM with linear kernel function and without averaging features, the overall performance of classification reaches the best level and a maximum performance of 95.45% accuracy in 10-fold cross-validation is achieved using this classifier. The experimental results demonstrate that the developed method can be useful to classify and grade liver fibrosis. Thus, such a method can be potentially beneficial to assist clinicians in diagnosis. In the future, we plan to augment the dataset and validate the proposed method on a larger dataset to improve the performance of the method. 
